Nurse scheduling is a critical issue in the management of emergency department. Under the intense work environment, it is imperative to make quality nurse schedules in a most cost and time effective way. To this end, a spreadsheet-based two-stage heuristic approach is proposed for the nurse scheduling problem (NSP) in a local emergency department. First, an initial schedule satisfying all hard constraints is generated by the simple shift assignment heuristic.
Introduction
The healthcare expenditure in Hong Kong has reached HK$84.4 billion in 2009, about 5.1% of the Hong Kong GDP and a projected increase to 9.2% by 2033. However, Hong Kong's total healthcare expenditure as a share of GDP is still far behind the world leading economics such as United Kingdom (9.8%), Australia (8.7%), Canada (11.4%), and United States (17.6%) in year-on-year comparison [1] . Due to the economic recession, an increasing number of experienced nurses have flowed to private healthcare institutes for higher salaries and lighter workload. This trend has led to a nurse shortage, especially the senior nurses in public hospitals. Emergency Department (ED) is the frontline of providing emergency care in a hospital, unfortunately it also suffers from the nurse shortage problem and has been under the criticism of declined service quality. At the meantime, there are more non-urgent patients seeking for ED services these years for the better facility and lower cost as compared to private clinics, and this further increases the workload of nurses. The problem mentioned can be boiled down to the mismatch between the increasing demands and the shrinking nursing manpower in the public healthcare institutes.
Nurse Scheduling Problem (NSP) is a critical part of ED resources management. A good schedule can contribute to improving nurse well-being and workload distribution, and hence enhance the work efficiency and patient experience. More important, it allows ED decision makers to better manage the scarce ED resources. Therefore, a good schedule can benefit both sides of patients and nurses. To a larger extent, NSP belongs to a broad topic of staff scheduling. This topic has been extensively studied by operational researchers and computer scientists for many years. According to Ernst et al. [2] , staff scheduling can be defined as "the process of constructing work timetables for its staff so that an organization can satisfy the demand for its goods and services". A good schedule should maximize the satisfaction of well-defined constraints such as government regulations, working practices, and personnel preferences, etc. A significant number of scheduling problems have been studied over the past few years in other commercial sectors, such as manufacturing [3] [4] [5] [6] , sales [7] , airline crew [8] [9] [10] [11] [12] [13] , bus driver [14] [15] [16] , and call center [17, 18] . Unlike many commercial organizations, EDs provide around-the-clock services and the restrictive scheduling rules are very restrictive due to frequent manpower turnovers and unpredictable changes of shifts. Therefore, it may be difficult to apply the similar scheduling techniques that have been successfully used in other industries to solve the NSP in ED. Even the NSP in ED can be formulated in mathematical expressions without much difficulty, it is still very challenging to generate quality schedules using low-end computer tools that nurses can operate without extra knowledge.
In this study, we attempt to propose a heuristic approach to solve NSP in a local ED. Figure 1 illustrates an overview of the NSP which involves several phases from macro level planning to task rosters for each 8-hour shift and three shifts a day. In the planning phase, the nurse staffing level of three shifts is estimated based on daily patient visits and upper limit of waiting times [19] . Other information such as the qualification/seniority of nurses, legal regulations, and nurse preferences on shifts have also been collected. In the scheduling phase, a two-stage heuristic approach combining simple shift assignment heuristic and sequential local search (SLS) is proposed, and it is benchmarked with 0-1 programming. Real-time rescheduling is very useful in ED environment where there are frequent changes of shifts/day-offs. Shift task rostering assigns primary ED duties such as triage, resuscitation, minor patient handling, etc. This paper focuses on the scheduling part.
[ Figure 1 near here]
The organization of this paper is as follows: Section 2 provides an extensive literature of NSP studies in the last decade. Section 3 describes the nursing resources and existing scheduling approaches of the target ED. Section 4 presents the details of the proposed approach. Section 5 describes the formulation of 0-1 programming model. Section 6 reports the comparison between different approaches in terms of several measures. Section 7 gives concluding remarks and future work.
Literature Review
In general, there are four scheduling methods which have been widely used. They are cyclical scheduling, mathematical programming, heuristic scheduling, and artificial intelligence (AI).
In cyclical scheduling, the shift and vacation assignment are fixed and repeated over certain time period. Hence, cyclical scheduling can minimize the shift uncertainty and allow nurses to be well-prepared for their assigned duties over a certain time period [20] . Marchionno [21] identified seven steps to help schedule the nurses in three-shift rotation. However, this approach is not suitable to the target ED in which the shifts/day-offs are often changed to accommodate unexpected urgent issues of nurses.
Mathematical programming approach is a traditional technique which has been widely applied to NSPs. This approach aims to search over a large solution space in order to locate the best solution such that the objective function can be optimized. Some previous studies have dedicated to mathematical programming approach, including integer programming [22] [23] [24] [25] [26] [27] [28] , multi-objective goal programming [29] [30] [31] [32] , multicommodity flow [33] . Unlike other three approaches, mathematical programming approach guarantees optimal solutions.
However, when the number of variables and constraints become large, the searching of optimal solutions would become very time-consuming. Therefore, in many recent studies, mathematical programming is integrated with other approaches such as GA [34] and local search approaches [32, 35] . In this hybrid approach, the mathematical programming searches for the preliminary solutions satisfying all hard constraints, and then GA and local search approaches refine the solutions by maximizing the fulfilment of soft constraints. Such approach is able to find near-optimal solutions but consume much less computational time.
In heuristic scheduling, a set of scheduling rules are collected for constructing a decision-making tree which guides the generation of a feasible schedule under a variety of scenarios. These rules are formulated based on ED policies and regulations, service pledges, nurse preferences, etc. Some major heuristic techniques include knowledge-based techniques [36] , adaptive heuristic [37] , combinations of heuristic approaches [35, 38] , tabu and other local search [23, 24, 28, [39] [40] [41] [42] [43] [44] [45] [46] [47] , mix of tabu search and integer programming [23, 32, 35, [48] [49] [50] .
A typical example of local search technique is variable neighbourhood search (VNS) which is based on the idea of systematic change of neighbourhood area to identify better local optima [51] . It has been applied to a wide range of decision and optimization problems [32, 35] . A comprehensive summary of VNS can be found in [52] . The motivation of developing heuristic approaches is to overcome the challenge of long computation time required by traditional mathematical programming approach, but the optimality of solutions cannot be guaranteed.
Many AI techniques have been applied to solve NSP, such as simulated annealing [31, 53] , ant colony optimization [54] , and genetic algorithm (GA). Among them, GA is the most popular one. Cheang et al. [55] and Burke et al. [56] conducted extensive literature review on the application of GA since it was first introduced to NSP by Colorni et al. [57] . Unlike the local search techniques such as tabu search, GA can search the global near-optimal solutions in multiple points simultaneously so that it is less likely to be trapped into local optima. Some applications of GA to NSP can be easily found in the literature [e.g. 34, [58] [59] [60] [61] [62] [63] [64] [65] . Using GA approach, Maenhout and Vanhoucke [66] systematically compared various crossover operators applying to a standard NSP, and proposed several options of hybridizing multiple crossover operators. A novel attempt by Yeh and Lin [63] adopted the waiting time of ED patients as objective function and assessed a number of feasible solutions produced by GA.
Although GA does not guarantee optimal solutions, its powerful searching ability makes it a popular approach for NSP. Also, by integrating other local search algorithms, the schedule quality can be further improved.
Overall, three points can be summarized from the extensive literature review. First, most NSPs are situated in hospitals. The scheduling rules in EDs could be more complicated and very few papers have investigated that [e.g. 36, 63, 64] . Second, since the NSPs are different in many aspects, it is difficult to draw conclusion on the best approach. Third, most of the previous studies only handle simplified or standard NSPs, and very few of them are eventually verified under real ED settings.
Case Description
The NSP in this study is situated in a local ED where the daily patient visits normally fall between 350 and 420. Due to the manpower shortage, nurses have been working under great pressure to meet stringent service targets such as patient waiting times for consultation. Therefore, it is imperative to develop quality nurse schedules which can meet varying patient demands and maintain a good life-work balance. The following subsections describe the details of this NSP.
Nurses, Shifts, and Day-offs
In this ED, the nurses are classified in terms of gender, qualification (nurse officer and registered nurse), and experiences (junior, medium, and senior). There are seven types of nurses in total (Table I ). The total number of nurses available to be scheduled varies between 50 and 60 due to dynamic manpower turnover. For a typical crew of 55 nurses, a nurse officer needs to schedule about 55 x 7 days = 385 shifts/day-offs for a new scheduling week. In real practice, a good staffing should be a proper mix of manpower with different skill sets and proficiency levels in order to handle different clinical scenarios. For example, triage needs to be done by nurse officers, resuscitation is usually operated by junior nurses, and only male nurses are allowed to conduct physical check-ups on male patients. The shifts and day-offs are assigned in comply with government regulations and ED policies as shown in Table II. [ Table I 
Existing Approach of Scheduling
In this ED, the nurse schedules are generated by nurse officers on a rotational basis. The challenge faced by nurse officers is the complexity of scheduling a large nursing crew meeting all the legal and ED-level constraints. Limited by the existing (manual) approach, the nurse preferences and well-being cannot be always taken into account. Moreover, it takes an average of 2.5-3 hours for a nurse officer to generate a feasible schedule, or at least 2 hours for a skilled nurse officer. Considering the key managerial role nurse officers play in ED, a less tedious scheduling process means a higher level of medical involvement in the ED, and that is critical to maintain service quality especially during peak times.
Constraint and Importance Weight
The constraints of making nurse schedule can be categorized into hard and soft groups. Hard constraints usually refer to the legal and ED regulation while soft constraints denote nurse preference on shifts which directly link to the physical and mental welfare [30] . A high quality schedule should meet all hard constraints and as many soft constraints as possible.
Importance weight is assigned to each soft constraint to penalize the violation. The value of weight should be reflective of the desirability of the corresponding soft constraint. Nominal group technique (NGT) is used here to determine the importance weights. NGT is a structured group decision-making process widely used in both industry and academia as a tool to generate ideas or solutions [67] . The basic steps of NGT can be depicted as follows [68] : In the target ED, NGT was applied to a group of 5 nurses (1 nurse officer, 1 male nurse, 3 female nurses). The group was made up in accordance to the size of different types of nurses described in Table I so that the results of NGT could be representative of the entire nursing crew. The participating nurses were asked to list out desirable preferences in an informal meeting. The results were then discussed and the top preferences were shortlisted for rating.
Each nurse rated the importance of each preference on a 10-point scale where a higher point represents a more desirable preference. Nurses could choose to rate all preferences or just some of them. All the ratings given by a nurse must sum up to 10. The reason of using rating method instead of consecutive rankings is that the former doesn't implicate the linearity between levels of desirability, so that it can better describe the preferences. Table III presents ratings made by 5 nurses on 8 preferences. It is noted that the first four preferences were rated almost equally important while the rest were less so. To guarantee the satisfaction of the most important 4 preferences, the scheduling model will treat them as hard constraints while the rest as soft constraints. Table IV presents the full list of current hard constraints and Table V shows the soft constraints. Two types of constraints are imposed on the two dimensions of the scheduling table (Figure 2 ).
[ Table III We must emphasize that the values of importance weight are only used to indicate the importance of nurse preferences as a projection of the group experience. The weight is highly case-dependent and its determination is largely subject to researcher's experience. Therefore, the values of weights here should not be deemed universal among different EDs and they may deviate from the true values which cannot be measured accurately. Given these facts, it is necessary to test the schedule robustness by proving that the schedule quality is not statistically associated with the weight values. For this reason, a sensitivity analysis is performed by assessing the schedule quality with different weight values. The details will be introduced in Section 6.
Quality Factors of Nurse Schedule
In this section, the five quality factors proposed by Oldenkamp [69] are discussed together with the corresponding scheduling constraints in Tables IV and V. Since these five factors are independent to each other, any change measured by one quality factor does not affect others.
They are described as below:
The completeness factor represents the fulfilment of staffing per shift. Shift coverage constraint H 4-1 accounts for this factor.
The optimality factor represents the degree to which nursing expertise is distributed over different shifts. Shift coverage constraints H 4-2 -H 4-4 account for this factor.
The proportionality factor represents the degree to which each nurse is assigned the same number of day shifts, night shifts and weekend day-offs over the scheduling period. In this study, the number of evening and night shifts are restricted to each nurse, and day-offs are prioritized to be assigned to weekends if they are not yet occupied by working shifts. The details will be given in Section 4.
The healthiness factor represents the degree to which the physical and mental welfare of the nurses are fulfilled. Preference constraints H 3-1 -H 3-4 and all soft constraints S 1 -S 4 account for this factor.
The continuity factor represents the degree to which the nurses are assigned to the same shift across consecutive days. However, from the results of nominal group meeting in Section 3.3, this factor is deemed as insignificant. Specifically, three consecutive evening shifts (3pm-11pm) are unanimously disapproved by the participants since family gathering at evening time is essential.
Overall, all the constraints can be associated with these five quality factors. Although the last factor is not agreed by the nurses in the target ED, it is believed that the hard and soft constraints adopted in this study well define the schedule quality.
The Proposed Approach
To improve the generation of nurse schedule under an intense healthcare environment in the target ED, an efficient approach combining shift assignment heuristic and sequential local search (SLS) is proposed. This two-stage approach can be operated in Excel spreadsheet using VBA. Figure 3 illustrates the mechanism of our proposed approach. In brief, a schedule is manually initialized by first confirming approve-in-principle (AIP) day-offs (e.g. maternity leave, compassionate leave, clinical training class, etc.) and H/AO day-offs requested in advance by the nurses. After that, the shift assignment heuristic is applied to assign shifts and day-offs to the unoccupied timeslots for all nurses in the schedule following the sequence NEDOAO/H from Monday to Sunday. In case of any change request in the middle of week, the shift heuristic can be used to reschedule from that to-be-changed weekday to Sunday while keeping other weekdays unchanged. The shift assignment heuristic is executed iteratively until an initial schedule satisfying all hard constraints is obtained. In the second stage, SLS is used to refine the initial schedule by taking the soft constraints into account.
Handling hard and soft constraints in separate steps allows a more efficient solution searching due to the limited computing power of VBA. The objective function of the search is simply a weighted sum of violations of four soft constraints as below.
where N Sx and w x denotes number of violations and importance weight of the corresponding soft constraint. For the ease of presentation, the importance weight of all soft constraints is doubled so that the maximum weight becomes 10 (Table V) . This scaling is used in calculating the objective function values in Section 6.
[ Figure 3 near here]
The operation of a complete two-stage algorithm is referred to an iteration. Multiple iterations are needed to reach a pre-defined target of objective function value. The operation of running multiple iterations to generate a satisfactory schedule based on an initial scenario (H 1 ) is referred to a trial. In the following subsections, details of two stages will be illustrated with a real NSP.
Shift Assignment Heuristic
As mentioned in Section 4, the nurse officer needs to first manually assign the AIP and H/AO day-offs to the corresponding nurses before shift assignment heuristic is executed. Based on the cumulative count of the unused H and AO day-offs, nurses with more than 3 unused H/AO day-offs are mandated to take these day-offs in the scheduling week. In Figure 2 , shifts and day-offs of Sunday and AIP day-offs pre-assigned for the scheduling of next week are highlighted in bold. Including Sunday of the last scheduling week into the current one is to maintain the constraint continuity between two scheduling weeks. After that, shift assignment heuristic is executed to generate an initial schedule. The algorithm starts by randomly assigning the shifts and day-offs for all nurses on Monday by following the column constraints (i.e. H 4-1 to H 4-4 ). The algorithm keeps going to fill the columns from Tuesday to Sunday while backtracking if the row constraints (i.e. H 2-2 , H 2-3 , and H 3-1 to H 3-4 ) of each nurse are violated. Different shifts and day-offs are assigned separately following a certain sequence. In the current manual scheduling, nurse officers follow the sequence of NEDOAO/H. Three working shifts are always fixed before day-offs because they are associated with more complicated hard constraints. N is assigned in front of E and D because it has much lower staffing level. However, no experiments have been done to show which one between E and D should be assigned first. Decision criteria concerning this issue should include the calculating time and the objective function value of the resulting initial schedule. A side-by-side comparison between two sequence NED and NDE will be made in the Section 6, and whichever the better in terms of the two criteria will be used for further analysis. After the assignment of N, E, D, and O shifts, if any nurse hasn't been fully occupied over the week, AO or H day-offs are lastly assigned to complete the schedule. The AO or H day-off, whichever has larger counts (updated after initialization step), is assigned first. The shift assignment heuristic runs iteratively until a feasible solution satisfying all hard constraints is found. The algorithm of shift assignment heuristic is presented in Appendix I-A.
Next subsection will introduce how SLS is applied to meet the soft constraints.
Sequential Local Search (SLS)
In the second stage, SLS is proposed to resolve soft constraint violations based on the initial schedule from the first stage. It handles the violations from the highest-to lowest-weighted soft constraint separately so that the most desirable soft constraint can be satisfied first. In this study, SLS is performed following the sequence of S2S3(S1, S4). [ Table VI near here]
The motivation of investigating SLS in the second stage is in the consideration of limited computational power of VBA and the harsh constraints imposed on the shift coverage (H 4-1 -H 4-4 ). First, although SLS does not guarantee optimal solutions, it is able to reach near-optimum with less computational effort, just like many local/neighbourhood research techniques introduced in Section 2. If GA is used instead, operating GA on Excel spreadsheet would be a prohibitive computational burden to VBA, and the offspring schedules generated from crossovers and mutations are difficult to fulfil the hard constraints in two dimensions.
Burke et al. [32] used VNS to research solutions through swaps between neighbourhoods in vertical direction only. This method is applicable in cases where all the nurses are treated as equals such that the daily shift coverage constraints will easily be fulfilled. However, VNS is not a feasible method in this study because the shift coverage in the target ED is a strict combination of gender, qualification, and seniority (H 4-1 -H 4-4 ).
0-1 Programming Approach
To provide benchmark, a 0-1 programming model is formulated over the same scheduling period. A typical application of 0-1 programming to NSP was done by Azaiez and Sharif [30] .
They used a subgrouping technique to split nurses, and for each subgroup the hard constraints were solved by LINGO independently. By aggregating the result of each subgroup, a complete schedule would be determined with satisfaction of all hard constraints. The main reason for nurse subgrouping is that it would be computationally exhaustive to generate an optimal schedule for a large group of nurses. However, if nurse subgrouping is applied in this study, the final schedule may easily violate one of the shift coverage constraints (H 4-1 ) since the staffing level of nurses in different shifts and days is not fixed, i.e. Equations (11)- (21) . Taking this into consideration, we formulate the 0-1 programming model as follows: Table IV . They are subject to change if necessary.
Decision variables:
1 if nurse i is assigned to shift type k for day j , , 0 otherwise
Hard constraints:
Day-offs approved in principle (AL, ML, CL, T). 
H 3-2 : Each nurse should not take more than three E shifts during the week.
3, , 2 ijk jJ
H 3-3 : Three consecutive shift E must be avoided.
( 1)
3, , 0,...,5, 2
H 3-4 : H and AO should not be assigned to Sundays. 
H : During E shifts, there must be a certain number of NO, a minimum number of MRN and senior FRN. 
Soft constraints: 
The result of each component in Equation (26) is actually the weighted sum of the corresponding number of soft constraint violations, so that the total value of Equation (26) is comparable to that of Equation (1), which is the objective function of the proposed approach.
This 0-1 model is solved by ILOG CPLEX 10.0 on a PC with an Intel i5 2.26 GHz processor.
Experimental Results
In this section, we will compare the objective function value and time-taken of the schedules produced by the proposed approach with 0-1 programming. Also, comparisons will be made between the proposed approach and the existing approach. Next, since weight values of soft constraints are the reflection of group knowledge, it is necessary to prove that the fulfilment rate of soft constraints is independent on the weight values as long as the weight ranking is unchanged. In other words, the schedule quality are measured the same by different weight values. The proposed approach will be deemed robust if no significant quality variations are observed. Before making the above comparison, we first investigate which shift assignment sequence as discussed in Section 4.1 can produce better initial schedules within shorter time.
The two-sample t-test results as reported in Table VII show that if the shift assignment heuristic runs on the NED sequence, initial schedules with comparable (p=0. 38) objective values can be generated but with less time (p=0.00) as compared to the NDE sequence. Therefore, sequence NED is adopted in the first stage of our proposed approach. For all the statistical tests in this paper, a confidence level up to 95% is adopted.
[ Table VII near here]
Benchmarking with 0-1 Programming
The quality of schedules generated by the proposed approach is measured by the average objective function value of ten iterations in each initial scenario. The difference between the average objective function values is tested by one-way ANOVA. The result in Table VIII indicates that average value of each scenario does not differ significantly from others (p=0.46).
The fairly stable objective function values may be ascribable to the sequential search algorithm in the second stage of our approach, where the backlog of unsolvable lower-weighted soft constraints leads to a relatively smaller variation of objective function value than higher-weighted ones would do. The total computing time and minimum objective function value of a 10-interation trial is 10 to 14 minutes and 154 to 184, respectively. It should be noted that the total computing time is the sum of shift assignment heuristic and SLS.
Due to the variety of initial scenarios, the time-taken of generating an initial solution can vary significantly. For example, the different initial scenarios in trial 2 and 4 results in nearly 200-second difference. Obviously, more iterations in a trial will increase the probability of generating a better schedule. However, the prolonged computing time may not be affordable in the real ED environment. Taking this into consideration, we thus choose to run operate ten iterations a trial so that the total computing time is acceptable for most nurse officers.
[ Table VIII near here] Table VIII shows the comparisons the average objective function values between the proposed approach and 0-1 programming. We find that if some hard constraints (e.g. H 3-1 -H 3-4 , H 4-1 -H 4-4 ) are relaxed, the optimal solutions can be identified within half hour by 0-1 programming. However, the search for the optimal solution without relaxation is very time-consuming in all scenarios. Considering that the optimal solution needs a long time to converge when the number of constraints and variables is large, we limit the computing time to 3 hours. Three major observations can be summarized from Table IX: 1) in 0-1 programming, the only optimal solution found within the time limit is scenario 2 and 9 only; 2) in scenario 1, 4, 5, 6, 7, better schedules are generated by 0-1 programming, but their optimality is not confirmed; 3) in scenario 3, 8, 10, better schedules are generated by the proposed approach but their optimality is not confirmed. Given the maximum computing time of 3 hours, the two-sample t-test shows that the schedules generated by the proposed approach possessing comparable quality with those by 0-1 programming in terms of average objective function value (p=0.13). In scenario 2, 9, optimal schedules are obtained by 0-1 programming with a lengthy computing time between 2.6 and 2.8 hours while the near-optimal schedules by the proposed approach only costs 0.19 to 0.22 hours. In the further tests which are not shown here, we find that in 8 out of 10 scenarios the optimal solutions can be found by 0-1 programming if there is no computing time limit. However, this merit of optimality assurance is overshadowed by the lengthy computing time which is not welcomed by nurse officers working under intense ED environment. Also, the nurse preferences are subject to change due to many unpredictable reasons such as nurse turnover sudden change of patient demands.
Therefore, it is doubtful if optimality is a must for ED manager especially when the near-optimal schedules are good enough to cover most of the nurse preferences. Moreover, we have stressed from the beginning of this paper that automating the nurse scheduling process on Excel spreadsheet is motivated by the consideration of user-friendliness. Excel is a familiar working interface to all the nurses and the change of algorithms can be easily done by ED IT technicians without domain knowledge such as 0-1 programming. Last and most importantly, implementing an Excel-based scheduling system does not require significant setup time and implementation cost as compared to a sophisticated algorithm built in commercial software.
The concern of cost issue will be raised especially when the scheduling system is considered for implementation in multiple EDs under limited budget. Taking all these factors into account, the proposed approach is preferable to 0-1 programming in the environment of target ED.
[ Table IX near here]
Comparison with the existing approach
The weekly schedule generated by the proposed approach and the one by the existing approach are compared in consideration of efficiency and schedule quality. As mentioned in Section 3.2, at least 2 hours are required to generate a feasible schedule while the realization of soft constraints is not always guaranteed, it means that only hard constraints are strictly fulfilled. On the contrary, Table IX reports that the average computing time of the proposed approach over 10 scenarios is only 0.19 hours or 11.4 minutes (range from 0.17 -0.22 hours).
As compared to the existing (manual) approach, the reduction of scheduling time is about (2-0.19)/2x100 = 90.5%. Moreover, the proposed approach can generate a feasible schedule by satisfying as many soft constraints as possible within a much shorter period of time. Thus, the schedule generated by our approach is obviously better than that of the existing approach in terms of both efficiency and quality (i.e. healthiness factor defined in Section 3.4). In this connection, the quality of healthcare service would be enhanced if the well-being of nurses can be secured.
Schedule Robustness
To measure the schedule robustness, we calculate the objective function value under different weight schemes. One-way ANOVA test is performed on the following hypothesis:
The fulfilment rates of soft constraints are the same under different weight schemes.
The hypothesis is tested on five sets of weight schemes on one initial scenario. The average fulfilment rate of each soft constraint across ten iterations is reported in Table X . For each iteration, the fulfilment rate of a soft constraint is determined by Equation (27) . Weight values of soft constraints except S 2 (with the largest weight) are changed while keeping their weight ranking (S 2 S 3 S 1 ,S 4 ) in five different weight schemes. By doing so, we intended to
show that the quality of schedule varies largely with respect to the importance ranking of soft constraints, rather than the exact value of weights.
[ This indicates that as long as the objective function value is calculated on the same weight ranking, the quality of final schedules is the same regardless of different weight values. The percentages are reflective of the sequential nature of the proposed approach which results in more violations of lower-weighted soft constraints than higher-weighted ones. For example, the most desirable constraint S 2 is perfectly satisfied under five weight schemes, while the least desirable constraints S 1 and S 4 only have average rate of 67% and 72%, respectively.
In summary, our two-stage heuristic approach is able to produce quality schedules in a timely fashion. In comparison with 0-1 programming, our proposed approach has the advantage of user-friendliness and efficient generation of quality schedules with less computing time. The quality of schedules is also tested invariant under different weight values of soft constraints.
Conclusion and future work
This paper addressed a real NSP in a Hong Kong ED using a two-stage heuristic approach. As opposed to the manual scheduling, the proposed approach can generate quality schedules addressing both hard and soft constraints efficiently. This two-stage approach consists of shift assignment heuristic and SLS. The former generates initial schedules satisfying all hard constraints, and the latter makes refinement on the initial ones. This approach greatly reduces the computational complexity so that the scheduling process can be operated by VBA on Excel spreadsheet. Although the optimality of schedules is not guaranteed using the proposed approach as compared with 0-1 programming, good solutions were obtained within much less time. The proposed approach is also advantageous from several practical perspectives. First, it is able to reschedule at anytime in the middle of a scheduling period. This is very useful in an ED environment where frequent changes of shift/day-off are observed. Second, the characteristics of user-friendliness and cost-effectiveness are favoured by ED staff who are working under great pressure and tight budget. Given these reasons, the proposed approach is preferable to 0-1 programming if it will be considered for implementation in multiple EDs.
The future work will be dedicated to the following aspects. First, improvement can be made by considering other soft constraints which are not discussed in this paper, such as the balance of day and evening shifts across the week, and balanced assignment of weekend day-offs among nurses. Second, the algorithm of task assignment (Figure 1 ) in each shift, such as resuscitation, triage, etc. should be developed upon the existing algorithm. Both improvements will result in significant increase of computational burden such that the current algorithm may be no longer efficient in solution search. Therefore, more efforts should be made to the development of more sophisticated and efficient heuristics. 
Appendix I. Overall algorithm of sequential local search

